The intelligence is a well established predictor of school achievement. Although school failure/success can be explained by cognitive variables, socio-familial variables can also have an impact. Since these variables haven't been so systematically investigated together, the present study aims to consider both variables to understand their causal roles in academic achievement. With a sample of 376 Portuguese children aged 6 to 10 years, a path analysis was carried out based on a prior analysis to search for causal relationships between intelligence and socio-familial variables to explain children's academic achievement. The results point to intelligence as a major influence on school performance, combined with socio-familial 
as well as the voluntary nature of participation. The battery of tests was applied individually in two sessions during class hours as allowed by teachers, which required around 90 minutes. The instructions in the manual were strictly followed.
Statistical procedure
Some algorithms of the TETRAD software version V are used in this study, aiming to find causal structures from the data. The algorithms applied are the causal search Peter-Clark (PC), the Greedy Equivalency Search (GES), and the Linear Non-Gaussian Acyclic Models (LiNGAM). Technical details of these algorithms are shown in TETRAD' manual (Glymour, Scheines, Spirtes, & Ramsey, 2015) . These three algorithms assume an acyclic causal structure in the data, and presuppose that the structure has a linear property and data is independent. All the solutions from the TETRAD algorithms produce a chi-square value, the degrees of freedom of the solution, as well as the p-value of the chi-square/degrees of freedom ratio and the Bayesian Information Criterion (BIC). This latter is used to compare the solutions, where the lowest value indicates the best model.
The solutions obtained by each of the TETRAD algorithms were tested through the use of the path analysis confirmatory approach, applying the maximum likelihood (ML) approach, using MPlus software (version 7.11) (Muthen & Muthen, 1998 -2014 .
The global adjustment of the model was assessed using the following indices: the Comparative Fit Index (CFI; Bentler, 1990 ) and the Tucker-Lewis index (TLI; Bentler & Bonnet, 1980 ) with a cutoff value of equal to or greater than .95; the root mean square error of approximation (RMSEA; Steiger et al., 1985) with a cutoff value of equal to or less than .06; and the standardized root mean square residual (SRMR; Hu & Bentler, 1999 ) with a cutoff value of equal to or less than .08 (Marôco, 2014; Schumacker & Lomax, 2004) . Degrees of freedom and χ² are also reported. To compare the models we considered the adjustment indices BIC, BIC adjusted, AIC, CFI and RMSEA. For one model to be considered better than another, the RMSEA difference has to be less than .015 (favoring the lower value), the CFI difference has to be greater than .01 (favoring the higher value) and the difference in the BIC (Chen, 2007; Cheung & Rensvold, 2002) , BIC adjusted or AIC has to be greater than 6 points (favouring the lower value) (Kass & Raftery, 1995) .
It should also be noted that the percentages presented in the obtained results are calculated considering the load value squared and then multiplied by 100.
Results
The solution from the GES algorithm presents χ² [298] It is possible to say that the GES solution is better than the PC solution, because the difference (BIC GES -BIC PC = -1829.82) in the BIC index (Table 1) of these two models is relevant and sufficient for deciding in favor of one solution to the detriment of the other (Kass & Raftery, 1995) . So, the GES model is a viable model according to all data fit indexes. Despite the good data fit in the GES model, it is important to verify the existence of falsepositives, that is, causal relationships determined by the algorithms that are in fact correlations between variables. Thus, we have taken as our starting point the GES model and investigated the false positives of this model because it was the best model. We inverted the causal connections between the variables of this model, one by one. However, given the high number of variables, for this procedure we only consider the variables explored previously when loading is at least .30. Beyond that, we also changed the causal connections of every pair of variables, thus turning them into correlations. If either of the new models (inversion or correlation)
showed a better data fit than the reference model, the latter must be changed, becoming in this a new reference model for subsequent models. In this way, the original model would not serve more as the comparative model to be used with the next substitutions, and so on. We have used BIC, BIC adjusted, AIC, CFI and RMSEA to compare the reference model and the substitutions created. We consider a substitution to have shown a same data fit as the comparative model if the RMSEA difference between them was less than .015, or the CFI difference was greater than .01, or the difference between BIC, BIC adjusted or AIC were less than 6. (Table 2 ). It should be noted that the models that were compared to the reference model were those related to school performance, because this variable occupied the most important role in the causal structure of the model. Figure 1 shows the GES model revised through the strategy to find and correct the false positives in causation. We should observe that this model is similar to the original GES model. Note. IQ = intelligence quotient; SP = school performance; SG = school grade
Discussion and Conclusion
Although academic success/failure can be explained by cognitive variables, it does not imply that learning and school performance are only explained by the personal factors of students, particularly those associated with intellectual capacity (Chamorro-Premuzic & Arteche, 2008; Deary et al., 2007; Lemos et al., 2014) . Thus, this study encompasses a wide range of variables that in other investigations are analyzed separately (sex, age, school grade, time and type of task with parents, number of siblings, place in the phratry, socioeconomic status, type of school, community, parental educational level, cognitive development and school performance), with robust methodologies, including techniques of causal relationships that allow defining causal paths.
As we can see, only a few variables have been shown to have a predictive value in the academic performance of children, which is already an important feature. Here, we only discuss the variables that showed implications for academic achievement (directly or indirectly). As first conclusion, the intelligence quotient obtained by the children in the cognitive performance test was the variable with the highest percentage of direct impact on academic performance. In this regard, research has shown statistically significant positive correlations between intelligence tests and school results (Deary et al., 2007; Farsides & Woodfield, 2003; Naglieri & Bornstein, 2003; Sternberg, Grigorenko, & Bundy, 2001; Strenze, 2007) . In our study, more than a mere correlation, we highlight a causal relationship, where the intelligence quotient has a decisive role in the school performance of children.
With less influence but still with moderate and statistically significant values, corroborating findings in the literature (Alves, Lemos, Brito, Martins, & Almeida, in press; Strenze, 2007) , the community (urban/rural) and the type of school (public/private) converge in the same direction; that is, they have impact on academic performance. We cannot also neglect the indirect influence of socioeconomic status on school type and this, in turn, on academic success.
Children from families with higher socio-economic levels have better cognitive performance (Bradley & Corwyn 2002; Cabrera et al., 2007; Guo & Harris, 2000; Lemos, Almeida, & Colom, 2011; Strenze, 2007) , by possessing the possibility of greater access to material and human resources, and entertainment and educational contexts, as well as the possibility to attend schools with different educational facilities, more stimulating and more capacitated infrastructures.
On the one hand the mother's educational level has a direct impact on children's academic performance (very low, but statistically significant); on the other hand, the educational level of the father has a direct impact on cognitive performance and this, in turn, affects school performance. As can be seen in the causal relationships obtained, mothers have greater impact in school achievement, perhaps because mothers traditionally assume greater monitoring of the child's learning tasks (Alves et al., in press ). Thus, their academic levels turn out to be reflected in the results obtained by their children. As for father's educational level, it introduced itself as a better cognitive performance predictor (Mullis, Rathge, & Mullis, 2003) compared to the educational level of the mother, contrary to some reports in the area (Alves et al., in press; Gutman, Sameroff, & Cole, 2003) .
In terms of general conclusion, this study reinforces the traditional influence of IQ on children´s academic success nowadays, but academic achievement variance can be better explained if IQ and socio-familial variables are combined. So, the results corroborate the relevance of sociofamilial variables and direct and indirect effects on cognitive development, learning, and school success/failure of children (Sánchez et al., 2013; Phillipson, 2010; Wentzel, Battle, Russell, & Looney, 2010; You & Sharkey, 2009) . In practice, these results reinforce the importance of a holistic evaluation. That is, for a cognitive performance evaluation and a systemic psychosocial
